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Abstract 
 
Crowdsourcing continues to attract attention 
from researchers, organizations, and policy makers 
alike. In particular, crowdsourcing projects that engage 
intrinsically motivated volunteers and are aimed at 
endeavors such as policy making, research, and social 
activism, need to understand how to create sustained 
engagement in their initiatives. A fair amount of 
research has been done on identifying users’ motivation 
in crowdsourcing. However, crowdsourcing motivation 
literature still lacks sufficient theory-driven 
approaches. In this paper, we derive from theory of 
work motivation, the technology acceptance model, and 
the gamification concept to propose a model that can 
explain participants’ motivation in crowdsourcing. To 
measure our model constructs, we conducted a survey 
on the users of a European crowdsourcing project, 
researching truck traffic tracking. The results of the 
exploratory factor analysis confirm that our constructs 
can be measured properly using our questionnaire. At 
the end of this paper, we explain our findings and the 
contribution of our study.  
 
1. Introduction  
Crowdsourcing refers to the use of technologies to 
gather the collective effort and wisdom from an 
undefined group of online users for organizational 
innovation and/or problem solving [1]. A large portion 
of research has addressed crowdsourcing in micro-
tasking and creative work [2]. Some research has 
investigated community crowdsourcing, a community 
in which participants collaborate on larger projects, such 
as open source software development [3]. Given the 
successful outcome of crowdsourcing in various 
initiatives, researchers and policy makers alike are 
paying attention to the role of crowdsourcing policy 
work and/or work that aims to support policy making [4] 
and the adjacent fields of social and digital activism [5].  
Motivation and engagement are tightly coupled, as 
intrinsic and extrinsic motivation determines the level of 
engagement in the community [6]. Many crowdsourcing 
studies strive to increase the participants’ engagement 
[7], [8]. A recent review by Mindel et al. suggests 
polycentric principles to aid participation in community 
crowdsourcing [9]. However, research is sparse on 
different types of crowds and their respective motivation 
and engagement. his is even more so for crowdsourcing 
aiming at policy change, as most such crowds fail to 
gain traction, legitimacy and sustained engagement [4].  
Further understanding the engagement of crowds is 
of great value not only to researchers in information 
systems (IS), but also to public policy makers, leaders 
of social movements (e.g., representatives of unions and 
associations) and communities, and to researchers in 
various fields where crowdsourcing can open up to 
novel datasets. Hence, this paper sets out to answer the 
research question: 
What factors contribute to sustained engagement in 
crowdsourced research for societal change?  
The aim is to contribute to theory on antecedents for 
crowdsourcing user engagement, in the context of 
research and policy-making. Studies have suggested 
some of the potential motivational factors that act as 
antecedents for engagement in non-competitive, pro-
bono crowdsourcing [12]. We seek to adapt from the 
previous models and provide insights that can explain 
the participation engagement in this particular subset of 
crowdsourcing.  
Participation engagement is the main phenomenon 
of interest in this study. It is mentioned in the literature 
from different perspectives, but the research has not 
been able to come up with a unified way to measure it. 
Meanwhile, studying motivational factors that lead to 
engagement requires a reliable definition of the term and 
metrics for measuring engagement in crowdsourcing. In 
this study, we use Nguyen et al.’s proposed definition 
and their quantitative measures of engagement [13]. 
They define crowdsourcing engagement as a metric that 
comprises four dimensions: “magnitude, temporal 
intensity, diversity, and recency of tangible effort” [13]. 
The context of their study was a community 
crowdsourcing platform for citizen engagement that 
shares similarities with the context of this study. 
Engagement is the only quantitative data-driven 
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construct that will be measured using the users’ activity. 
However, in this study, our focus is to ensure that the 
qualitative constructs of the model are measurable. 
We use the crowdsourcing project 
“Cabotagestudien” (Swedish for “The Cabotage study”) 
to study engagement, in particular, from the data 
collected between 2013 and 2016. The Cabotage study 
was about mapping the movements of all trucks in 
Scandinavia and Austria by engaging some 8,000 
volunteers who used a smartphone app and participated 
in the Cabotage study Facebook page. The engagement 
in, and the results of the project, sparked considerable 
public attention and debate, resulting in impacts on 
policy (e.g., [14]) and research on social issues in supply 
chain management (e.g., [15]).  
This paper is structured as follows. In section 2, we 
provide background on the motivation studies in 
crowdsourcing and discuss the theoretical foundation 
related to the study. In section 3, we use previous 
theoretical foundations to hypothesize and present a 
model of crowdsourcing motivation in the context of 
crowdsourcing in social research. In section 4, we 
explain the dataset and the methodology followed by 
construct measurement methods. In section 5, we 
present and discuss the results of the exploratory factor 
analysis, the reliability of the model constructs, and the 
study’s limitations. In section 6, we discuss the 
theoretical implications and we conclude the paper in 
section 7 by offering suggestions for future research. 
 
2. Motivation and engagement 
      
2.1. Crowdsourcing motivation 
To increase engagement in crowdsourcing, studies 
seek to understand what motivates participants to 
engage in crowdsourcing tasks. Crowdsourcing 
motivation studies prevail in the crowdsourcing 
research. By adapting traditional motivation theories, 
many studies categorize such engagement into two 
classes of motivations:  intrinsic and extrinsic [6], [16], 
[17]. Depending on the nature of crowdsourcing 
projects, one of these types of motivations may have a 
stronger presence over the other. For example, in a 
crowdsourcing project where participants are paid, 
extrinsic motivations, such as monetary incentives, are 
stronger than intrinsic ones. In the presence of extrinsic 
motivations, intrinsic ones, such as altruism, have a 
weaker effect on the task effort [6], [18].  
2.2. Work motivation theory 
     Motivation is a phenomenon that has been studied in 
various contexts, and the study of work motivation has 
been around for decades. Hackman and Oldham 
introduced a work motivation theory that specifies three 
interacting conditions that impact one’s motivation to 
perform better on the job: the psychological states of 
employees, the characteristics of jobs, and the attributes 
of individuals that define their response to a challenging 
task [19]. The critical psychological states resulting 
from the job characteristics are: the perceived 
meaningfulness of the work, the experienced 
responsibility of the outcome, and the knowledge of the 
actual results of the work. These psychological states 
lead to personal and work outcomes. Crowdsourcing 
tasks by nature are different from tasks on the job, but 
the work motivation in the two is similar. A few 
crowdsourcing studies have adapted the work 
motivation theory to crowdsourcing [20].  
2.3. Technology acceptance model 
Davis introduced the technology acceptance model 
(TAM), suggesting that the perceived ease of use (PEU) 
and perceived usefulness (PUE) determine the intention 
to use a technology (particularly information systems) 
[21]. One of the fundamental components of 
crowdsourcing is technology [22]. Hence, participation 
in crowdsourcing tasks can be partially associated with 
the individuals’ perceived ease of use and perceived 
usefulness of the technology. This technology can be the 
crowdsourcing platform or a mobile app that is being 
used as the main participation platform.  Despite the 
important role of technology as an enabler of 
crowdsourcing, previous research has not investigated 
the implications of TAM on the success of 
crowdsourcing projects. In most crowdsourcing cases, 
especially the ones using a mobile platform, the 
technology is so intertwined with the task that it is 
infeasible to separate them from each other. In this 
respect, the perceived usefulness of the technology in 
TAM is more of a question pertaining to both 
technology and the task at the same time, to the extent 
that the usefulness of the technology can be indexed by 
measuring the meaningfulness of the crowdsourcing 
task.  
2.4. Gamification in crowdsourcing 
     Gamification is a relatively new phenomenon 
compared to crowdsourcing. It is simply defined as “the 
use of game design elements in non-game contexts” 
[23]. Gamification intends to increase participants’ 
motivation in non-gaming contexts and includes 
features such as points, leaderboards, badges, and bonus 
cards. A number of studies suggest that gamification has 
a positive effect on increased engagement in online 
programs that exclude crowdsourcing [24]. A few 
studies have also investigated the use and role of 
gamification in the success of different applications of 
crowdsourcing including tourism [25], the medical 
domain [26] and data collection [27]. While 
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gamification in general aims to provide a positive effect 
on engagement, its effect depends on the context in 
which the gamification is implemented [28]. 
Crowdsourcing projects employ gamification in 
different ways and depending on the approach they take, 
they get different gamification outcomes. For example, 
crowdsourcing projects with simple and monotonous 
tasks may employ simpler and less diverse gaming 
elements such as points or levels than crowdsourcing 
projects with a more diverse set of tasks [29].    
 
3. Theory and hypotheses development 
   In the wake of a call for a theory of crowdsourcing 
engagement, we are exploring multitudes of factors that 
may affect the sustained user engagement in 
crowdsourcing. Hence in this section, our hypotheses 
are developed in a way that they introduce factors from 
several relevant theoretical foundations and place them 
as moderators in the model. Eventually, the model needs 
to go through cycles of testing and evaluation until the 
relative roles of the factors in the model are specified. 
Departing from the theoretical foundations discussed in 
the previous section, we hypothesize that five factors 
have significant impacts on users’ engagement. de 
Vreede et al. discuss the effects of personal interest in 
the topic and goal clarity on motivation/engagement 
[12]. Moreover, work motivation theory suggests that 
the perceived meaningfulness of the work effects an 
individual’s decision to perform well on the job [19]. An 
adaption of the previous findings implies that if the user 
is interested in the topic and has a positive attitude 
toward crowdsourcing work, he/she may be willing to 
try the technology and participate in the crowdsourced 
task. Hence, the first hypothesis: 
H1: Personal interest and attitude toward 
crowdsourcing work is positively related to 
engagement in crowdsourcing. 
 
Drawing on work motivation theory [19], we imply 
that the user’s engagement is also affected by the 
amount and quality of the feedback that he/she receives 
and the extent to which he/she feels responsible for the 
outcome of the work. However, this is more of a 
moderating effect, because without personal interest and 
a positive attitude toward the topic, the user will not be 
motivated to participate. Whether or not he/she is 
willing to continue participation depends on the factors 
that are suggested by the work motivation theory [19]. 
Thus, the following hypothesis: 
H2: Received feedback and perceived autonomy 
positively moderate the effects of personal interest 
and attitude on engagement. 
 
The technology acceptance model suggests that the 
user’s acceptance of a new information system depends 
on two main factors: the perceived ease of use (PEU) 
and the perceived usefulness (PUE) [30]. We propose 
that the technology acceptance model (TAM) is relevant 
to crowdsourcing projects because the participants use 
one or another type of information system (technology). 
In addition to the social factors pertaining to 
crowdsourcing engagement, technological factors are 
also important in motivating a user to engage and 
contribute. Thus, even if the user is initially engaged and 
interested in crowdsourcing, if the technology is not 
easy to use (PEU), the user may not be willing to 
continue participating. Technology is the central 
phenomenon of interest in TAM. In our crowdsourcing 
study, though, the technology is peripheral to the task, 
not the main phenomenon. The task, of course, is 
introduced through the technology, which is a 
foundation of crowdsourcing [22], but is not central to 
it. At the same time, as mentioned before, the two are 
inevitably intertwined with each other and the 
separation of the two is not practical. Thus, as long as 
the crowdsourcing task is useful and meaningful, there 
is no doubt about the usefulness of technology for the 
task, but the design of the technology does impact its 
ease of use. Consequently, we did not include the 
usefulness of technology from TAM as a factor in our 
model, however, this factor is taken into consideration 
in the construct for personal interest and attitude toward 
the task that includes the perceived meaningfulness of 
the task. Moreover, we argue that perceived clarity of 
the goal of the task is also a relevant component in the 
user’s perceived ease of use. When the goals are clear to 
the user, different components of the system are also 
perceived as meaningful in accordance with the goal 
they serve. Hence, the following hypothesis:  
H3: Perceived goal clarity and ease of use of the 
crowdsourcing app positively moderates the effects 
of personal interest and attitude on engagement.  
 
But since the task and the technology are such 
interconnected components in crowdsourcing [22], the 
task difficulty is also relevant to the ease of use (PEU) 
of the technology. Even if the user is highly interested 
in the topic, if the task demands lots of effort and 
commitment beyond the user’s available resources, the 
user may not be motivated enough to continue 
participating. Hence, we propose that the perceived 
required task effort is another moderator of the causal 
relationship between personal interest and engagement- 
Accordingly, the following hypothesis is: 
H4: Perceived required task effort negatively 
moderates the effect of personal interest and attitude 
on engagement. 
 
As discussed in the literature, gamification can 
potentially increase the engagement rate in 
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crowdsourcing projects [28]. Gamification provides 
enjoyment, and the enjoyment experienced from a 
process can be one of the reasons people use a system 
[21]. Depending on the context, and the gamifying 
process, the experienced joy that resulted from the 
existence of gamification elements can play a role in 
motivating an interested user to engage in the 
crowdsourcing project via the technology. Hence, the 
final hypothesis is: 
H5: Experienced joy from gamification elements 
positively moderates the effect of personal interest 
and attitude on engagement.  
 
Figure 1 depicts a crowdsourcing engagement model for 
the Cabotage study based on the five hypotheses and the 
causal and moderating relationships among factors.  
 
 
Figure 1. The crowdsourcing engagement model 
4. Data and Methodology 
We extracted primary data on the user activities in a 
crowdsourcing project (the Cabotage study) from the 
system database. To analyze the different factors that 
determine crowdsourcing engagement (our unit of 
analysis), we developed and adapted scales from the IS 
literature. These scales were tested in a pilot survey with 
randomly chosen users. In addition to surveying 
motivational factors, we also collected descriptive data 
on the characteristics of the participants, for example, 
union membership (Figure 3). 
  
4.1. The cabotage study crowd 
The volunteers engaged in the cabotage study 
mainly contributed by making observations using a 
smartphone app (also named “Cabotagestudien”) [15]. 
The purpose was to create a snapshot of all national and 
international truck traffic. When the users saw a truck, 
they used the app to report its license plate number, 
referred to as “tagging” the truck (See Figure 2 for 
screenshots of the app). All the aggregated observations 
of all trucks were published on the study website 
(www.cabotagestudien.se), but with their respective 
license plates anonymized. The website included a 
leaderboard; however, most of the discussion about the 
project was carried out in Facebook groups (one group 
for each language of the users: Swedish, Danish, 
Norwegian and German). The Facebook groups gave 
the users opportunities to ventilate their opinions about 
the project and the app. 
 
Figure 2. Screenshots of the Cabotage Study mobile app 
The number of observations (using the app) 
signifies the individual level of sustained engagement. 
For the purpose of this paper, we selected all accounts 
(two account types existed: Facebook login and email + 
password login) with more than 5 observations (tasks 
carried out), in order to exclude users who set up an 
account just to test the app. The entire population 
consisted of 6,250 users with between 5 and 19,831 
observations. A random sample of 350 users was 
selected and sent an engagement survey (Appendix, 
under the column heading “Item description”). The 
people were contacted through either email or a 
Facebook message, depending on their login 
credentials. The invitation letter contained brief 
information about the purpose of the survey and 
information about a raffle and the chance to win a new 
smartphone. After two reminders and an announcement 
on the Facebook page of the study, 61 users had 
responded (16% response rate). Two further users were 
contacted by one of the authors and persuaded to answer 
the survey. The first non-respondent stated he just had 
not had the time and the second respondent did not 
answer because he felt that he had not contributed 
enough to voice his opinion. The two non-respondent’s 
responses did not differ from their responding 
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counterparts. Out of a total of 63 responses, we were not 
able to match 6 of the responses to a particular user 
(during the process of this work, Facebook account links 
became inaccessible). In other words, 57 usable 
responses remained.  
Figure 3 depicts the occupation of the participants in the 
study. 67% were drivers and 24% belonged to the 
category “other”. In the survey, the respondents had a 
text field in which they could specify “other”, and all but 
one choose to do so. This revealed that they were, for 
example, students, mechanics, a chef, retired and a 
traffic controller. 
 
 
Figure 3. Occupation of the survey participants 
 
4.2. Construct measurement 
We adopted and adapted the measurement methods 
suggested by previous studies to measure most of our 
variables. The Appendix presents a complete listing of 
the constructs, items, indicators, and scales including 
their sources.  
Personal interest and attitude (PIA) was measured 
using questionnaire items adapted from related 
questionnaire items in [31] and [32].  
Received feedback (knowledge of the actual 
results) and perceived autonomy (sense of responsibility 
for the outcome) (RFA) were operationalized using the 
questions adapted from the study of flow in online 
shopping in [33] and from [34].  
We used Davis’s TAM questionnaire to measure 
the perceived ease of use [30] and combined it with the 
perceived goal clarity measured by [33] in a single 
construct called perceived clarity and ease of use (PEU).  
Task difficulty or the perceived required effort for 
the task (PET) was measured based on items from a 
study of multitasking and task difficulty [35].  
Gamification elements were adapted from [29] and 
the questionnaire items were compiled that asked about 
the user’s experience of joy from those elements. This 
construct is called experienced joy from gamification 
elements (EJG). 
We used Nguyen et al.’s approach to measure 
crowdsourcing engagement [13]. The main indicator of 
an activity in the Cabotage study is tagging the trucks. 
There is not much diversity in the types of tasks one can 
perform in the app. The dataset includes the recorded 
tags and timestamps associated with each tagging 
activity for each user. Thus, it is feasible to measure the 
sustained engagement as suggested by Nguyen et al. 
[13]. This is the only construct of the model that we 
measured quantitatively, and it served as our dependent 
variable.  
All other constructs were operationalized using 
questionnaire methods. Some of the measures from 
previous studies were on a 5-point Likert scale and 
others were on 7-point scale. To ensure the reliability of 
the original measures, we did not change the scales as 
originally developed by the previous studies while 
conducting the survey. However, after conducting the 
survey and collecting the answers, we converted the 
answers that were originally on 5-point Likert-scale to 
the 7-point Likert-scale to create a homogenous scale 
for Factor analysis and consequent analyses.  
5. Results 
We performed an exploratory factor analysis on 
the questionnaire results (57 observations) using factor 
analysis in R.  
5.1. Exploratory Factor Analysis (EFA) 
The scree graph suggests that about five factors 
(constructs) are sufficient for the factor analysis. We 
performed the exploratory factor analysis using the 
factanal function in R. The chi square statistic was 
127.03 at 115 degrees of freedom. The p-value for the 
hypothesis that 5 factors are sufficient is 0.209, so we 
did not reject the hypothesis. The root mean square of 
the residuals (RMSR) was 0.05, and the df corrected 
root mean square of the residuals was 0.07. The fit, 
based upon off-diagonal values, was 0.97 which 
indicates a good fit (>0.95).  
 
Figure 4. The Result of Parallel Analysis 
To further validate the suitability of our 5-factor 
solution, we performed a parallel analysis on the data. 
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Figure 4 and Figure 5 present the results of the Horn’s 
parallel analysis based on 5000 iteration using the mean 
estimate. The results from this analysis also suggests 5 
factors to be retained. 
 
Figure 5. Results of Horn's Parallel Analysis for factor 
retention 
  Table 1 shows the factor loadings that were 
achieved with a varimax rotation and a cutoff point of 
0.4. 
 
Table 1. The results of factor loadings 
Item Factor
1 
(PEU) 
Factor
2 
(RFA) 
Factor
3 
(EJG) 
Factor
4 
(PIA) 
Factor
5 
(PET) 
GoalDefined 0.68     
ClearInteract 0.66     
Skillful 0.66     
EaseUse 0.70     
DoingWell  0.71    
Perform  0.88    
ExpressIdea  0.60    
Control  0.50    
NewBadge   0.68   
TopLeader   0.98   
Points   0.58   
Reward   0.66   
Meaningful    0.85  
PosDiff    0.68  
WellBeing    0.43  
Important    0.41  
Complex 0.42    0.62 
Demanding     0.55 
Thoughts     0.68 
TimeConsum     0.62 
Challenging     0.49 
The loading results show that the items 
appropriately load into the five factors with minimal 
cross-loadings. Factor 1 is related to goal clarity and 
ease of use. We call it perceived goal clarity and ease of 
use (PEU). Factor 2 combines feedback and perceived 
autonomy; we call it received feedback and perceived 
autonomy (RFA). The items in Factor 3 are all related 
to what we call the experienced joy from the 
gamification (EJG) elements of the task. Factor 4 
includes the items that indicate the users’ personal 
interest and attitude toward the task (PIA). Factor 5 
measures the required effort for the task, as the list of 
items in this factor suggests. It is called perceived 
required effort for the task (PET). However, we 
observed one questionnaire item that cross-loaded into 
both factors 1 and 5. The loading of the Complex item 
for factor 1 was 0.42, and for factor 5 was 0.62. Since 
the loading of this item was strong enough in the correct 
factor (>0.6) and was significantly larger than its 
loading in the weak factor (with a difference >= 0.2), we 
were more inclined toward keeping this item loaded into 
factor 5. To further investigate improvement of this 
issue, we performed the factor analysis again with 
oblimin rotation this time. It produced similar factor 
loadings except that the Complex item did not have 
cross-loading and appropriately loaded into factor 5 
(with a cut-off point of 0.4). 
The correlations of the factors for the resulting 5 
factors from oblimin rotation were all below 0.4, which 
indicates that the extracted factors are not significantly 
correlated. Table 2 presents the factor correlations. 
 
Table 2. Factor correlations. (RFA: received feedback 
and perceived autonomy; EJG: experienced joy from 
gamification; PEU: perceived clarity and ease of use; 
PET: perceived required effort of the task; PIA: personal 
interest and attitude) 
 RFA  EJG  PEU  PET PIA 
RFA 1.00     
EJG 0.35 1.00    
PEU 0.37 0.23 1.00   
PET 0.02 -0.03 0.06 1.00  
PIA 0.18 0.16 0.30 0.09 1.00 
  
The proportion of variance explained by each factor is   
24% for RFA, 21% for EJG, 22% for PEU, 16% for 
PET, and 17% for PIA. This makes RFA the strongest 
factor of them all.  
 
5.2. Internal consistency reliability 
After exploring the factors and the item loadings, 
we investigated the internal consistency reliability of the 
factors using Cronbach’s alpha [36]. This test was used 
to confirm how well the items in each construct (factor) 
produced similar scores [36]. Table 3 presents the 
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Cronbach’s alpha values for the five factors resulted 
from the EFA. 
 
Table 3. Cronbach’s alpha and internal consistency of the 
factors 
Factor Cronbach’s alpha Internal consistency 
PIA 0.722 Acceptable 
RFA 0.843 Good  
PEU 0.827 Good  
PET 0.704 Acceptable 
EJG 0.842 Good 
 
The literature suggests that a Cronbach’s alpha between 
0.8 and 0.9 is considered good and an alpha between 0.7 
and 0.8 is acceptable [36]. The results suggest 
acceptable and good internal consistency for all factors.  
 
6. Discussion 
The exploratory factor analysis resulted in 5 factors 
with at least four items in each factor with empirically 
acceptable loadings. The internal consistency reliability 
of the items in each factor examined with Cronbach’s 
alpha also suggests that the items properly measured 
each factor. Moreover, the factors do not show high 
correlations with each other, which indicates that they 
are significantly independent from each other. The 
above results suggest that the measurement method is 
reliable. Hence, the initial model is reliable and can be 
used as the final model for the next phase of our study. 
In the second pilot study, we will need to perform a 
confirmatory factor analysis to further test the reliability 
of the questionnaire with a larger sample size.    
As highlighted in the introduction, this research is 
geared towards the context of the Cabotage study: 
crowdsourcing applied to research and/or social 
activism.  
A major limitation of this research is the size of the 
pilot test: only 57 usable responses from a sample of 350 
randomly selected users. Although the responses 
seemed to be quite homogenous (including the 6 the 
research team was unable to connect to a specific user’s 
activity level), regardless of whether the volunteer user 
was a truck driver, owner-operator, fleet-owner or had a 
miscellaneous relation to the industry, it cannot be ruled 
out that a larger sample and a higher response rate is 
likely to generate results of higher significance. More 
specifically, the literature suggests that an exploratory 
factor analysis generates more generalizable results with 
larger sample sizes [37]. Thus, the next phase of the 
research will be a second pilot study in which we target 
a larger number of participants to increase the validity 
of the survey results. 
In the sample, 21 of the 42 drivers were union 
members. The union drivers carried out on average 112 
observations per user, whereas the non-unionized 
drivers carried out only 42 observations on average per 
user over the whole period. In the context of this 
research, this indicates that union members were more 
prone to engage in their industry.  
The homogeneity of the answers from the sample is 
likely explained by the self-selection of the crowd 
participants, this being a volunteer activity.  
                              
7. Conclusion 
This study set out to address the question of 
motivational factors in crowdsourcing engagement. We 
drew on multiple theoretical foundations in work 
motivation [19], a technology acceptance model [30], 
and gamification [29] to identify the influential factors 
that impact participants’ engagement in crowdsourcing 
projects. We conducted a pilot study to investigate and 
confirm our measurement approach for the constructs 
that were proposed in our model. The results of the 
exploratory factor analysis were promising as the 
variables perfectly loaded into the factors as proposed. 
Moreover, the factor correlation results suggest that the 
extracted factors are not significantly correlated. 
The analysis shows that RFA (Received Feedback and 
perceived Autonomy) and PEU (Perceived goal clarity 
and Ease of Use) are the strongest factors contributing 
to the sustained engagement of the crowd in this case. 
This is not surprising, as it confirms the importance of 
straight communication and clear feedback, which has 
been shown in previous literature on management and 
coordination of truck drivers [38], [39]. These 
conclusions are however weak, given the limited 
number of respondents and should be interpreted with 
that limitation in mind.    
In the next phase, we will carry out a second pilot 
study to confirm the reliability of the questionnaire by 
testing it on a larger group of participants. Then we will 
proceed to the main study in which we run the refined 
survey and test the final version of the model using a 
regression analysis. 
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Appendix: Constructs, Items, and Scales 
Construct (Factor) Questionnaire Item Item 
Indicator  
Scale Source 
Personal interest and 
attitude (PIA) 
I have a good sense of what 
makes these tasks meaningful. 
Meaningful 5- point Likert scale 
of absolutely untrue 
to absolutely true 
[32] 
I know this work makes 
positive difference in people's 
lives. 
PosDiff 5- point Likert scale 
of absolutely untrue 
to absolutely true 
[32] 
I contributed to services that 
enhance human well-being 
and/or the environment. 
WellBeing 5- point Likert scale 
of absolutely untrue 
to absolutely true 
[33] 
I spent a lot of time on things 
that are truly important. 
Important 5- point Likert scale 
of absolutely untrue 
to absolutely true 
[33] 
Received feedback 
and perceived 
autonomy (RFA) 
It was really clear to me that I 
was doing well. 
DoingWell 7-point Likert scale 
of strongly disagree 
to strongly agree 
[34] 
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I was aware of how good/bad I 
was performing. 
Perform 7-point Likert scale 
of strongly disagree 
to strongly agree 
[34] 
I was free to express my ideas 
and opinions in this virtual 
community. 
ExpressIdea 7-point Likert scale 
of strongly disagree 
to strongly agree 
[34], [35] 
I felt in total control of my 
action. 
Control 7-point Likert scale 
of strongly disagree 
to strongly agree 
[34], [35] 
Perceived goal 
clarity and ease of 
use (PEU) 
The goals of the study were 
clearly defined. 
GoalDefined 7-point Likert scale 
of strongly disagree 
to strongly agree 
[34] 
My interaction with 
Cabotagestudien was clear and 
understandable. 
ClearInteract 7-point Likert scale 
of likely to unlikely 
[30] 
It was easy for me to become 
skillful at using 
Cabotagestudien. 
Skillful 7-point Likert scale 
of likely to unlikely 
[30] 
I found Cabotagestudien easy 
to use. 
EaseUse 7-point Likert scale 
of likely to unlikely 
[30] 
Perceived required 
effort for the task 
(PET) 
I found this to be a complex 
task. 
Complex 7-point Likert scale 
of strongly disagree 
to strongly agree 
[36] 
This task was mentally 
demanding. 
Demanding 7-point Likert scale 
of strongly disagree 
to strongly agree 
[36] 
This task required a lot of 
thought and problem solving. 
Thoughts 7-point Likert scale 
of strongly disagree 
to strongly agree 
[36] 
I found this to be a challenging 
task. 
Challenging 7-point Likert scale 
of strongly disagree 
to strongly agree 
[36] 
I found this to be s time-
consuming task. 
TimeConsum 7-point Likert scale 
of strongly disagree 
to strongly agree 
[36] 
Experienced joy 
from gamification 
(EJG) 
(reversed scale) 
Receiving a new badge (on the 
leaderboard) was fun. 
NewBadge 5- point Likert scale 
of absolutely untrue 
to absolutely true 
Gaming 
elements 
adapted from 
[29] 
It was always exciting to see 
my name in the leaderboard. 
TopLeader 5- point Likert scale 
of absolutely untrue 
to absolutely true 
Gaming 
elements 
adapted from 
[29] 
I enjoyed earning points 
(points for tagging cars. 
Points 5- point Likert scale 
of absolutely untrue 
to absolutely true 
Gaming 
elements 
adapted from 
[29] 
I liked the chance of receiving 
sponsorship reward. 
Reward 5- point Likert scale 
of absolutely untrue 
to absolutely true 
Gaming 
elements 
adapted from 
[29] 
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